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ABSTRACT 
This paper investigates research work related to the modelling and 
simulation of household electricity consumption with a view to 
developing a simulation to evaluate the effectiveness of demand-side 
management mechanisms. The eventual aim of the research is to be 
able to model household consumption down to the level of individual 
appliance use in order to explore and assess the impact of different 
demand-side strategies, both in individual household consumption, 
and on overall grid balance. The focus of this paper is to survey 
relevant research on simulation of household consumption, potential 
demand-side strategies and their impact, and modelling techniques for 
residential consumption. From this review, the paper provides a 
number of pointers for future effort in the area of modelling the 
impact of demand-side management strategies and techniques. 
Keywords 
Model, computer simulation, household consumption, demand-side 
management, electricity grid. 
INTRODUCTION 
Efficient control is often the most effective option to reduce energy 
costs in electricity consumption by household appliances. Using 
demand side strategies, customers are charged different rates during 
peak times and off-peak times. By moving load out of peak times, a 
client can avoid high electricity costs and thus realize savings on their 
electricity account. The focus of this paper is a review of research into 
the effectiveness of load matching and shifting techniques in demand-
side load management. Load matching in power system management 
consists of trying to dispatch the most favourable power sources to 
meet the load which is the total power of consumers' demand, while 
load shifting refers to moving generation capacity from one part of the 
grid to another resulting in fewer blackouts and eliminating over or 
under voltages. The aim of demand-side load management is to enable 
consumers to use less energy during peak hours and shift energy use 
to off-peak hours in order to improve energy use efficiency. This 
entails reduction of electricity costs to consumers, and there is the 
need to study the impact of load balancing and load shifting on the 
electricity grid. This research is also based on the necessity to simulate 
load profiles for consumers based on age, location and income, and 
description of consumption and cost benefits at appliance level. Due to 
the importance of having an efficient power management system, a 
number of studies have focused on the efficient utilization of electric 
appliances in households and industrial energy consumption. This 
research reviews papers on the simulation, identification, and the 
application of power utilization strategies at the appliance level in 
households.  
Although there are many publications about applying demand side 
strategies to appliance use, and modelling their usage patterns, this 
paper seeks to understand the energy demands and usage patterns of 
household appliances using load shifting strategies. The growing 
demand for electricity consumption makes it imperative to use electric 
appliances in a more efficient manner by introducing load shifting and 
load matching to improve overall energy utilization. An analysis of the 
development of simulation models for electric appliances use, with 
respect to their ability to shift their energy demand, was discussed by 
Stadler et al. (2009). Results from this study indicate that household 
devices such as electric boilers, off-peak storage heaters, or freezers, 
are more suited to load balancing than a refrigerator. Moreau (2011) 
presented a control strategy for water heaters that minimized the 
consumption demand when the heating elements are reactivated at the 
end of a load shifting period initiated by utilities shifting hot water 
demand from peak hours to off-peak hours. The research indicated 
that the consumption demand of water heaters after such universal 
load shifting periods can be detrimental to the efficiency of the 
measure if not adequately controlled. A regression-based approach to 
quantify hourly baseline electric loads in a critical-peak pricing (CPP) 
experiment was presented by Herter and Wayland (2010). Based on 
results from this research, residential CPP is a promising strategy for 
achieving demand response goals. This strategy can be developed in 
the absence of automated controls in households.  
Electricity is a vital source of energy in daily life, especially for 
household appliances, and hence, energy use efficiency can be 
achieved by applying demand side strategies to these devices. This can 
be beneficial to consumers in terms of reduction in energy costs, and 
to the electricity grid in terms of an optimal and efficient allocation of 
resources. (Sughnathi, 2012) suggests efficient use of household 
appliances involves the effective application of demand-side 
management techniques to decrease energy consumption and demand. 
This work proposed that demand-side management is the planning, 
implementation and monitoring of energy utilization activities carried 
out by electric utilities to influence energy demand in order to modify 
consumers’ level and pattern of energy usage for improved efficiency 
of appliance use. It suggested that the technique has improved with 
technological advancements, manufacturing processes, and 
communication breakthroughs, resulting in better quality at lower 
costs, and promoting energy efficiency for sustainable development. 
Power consumption has been found to be closely linked to energy 
price, and consumer income, age, geographical location, etc., 
(Ministry of Economic Development, 2014), and for this reason, there 
is a need to investigate the impact of these factors on demand-side 
strategies.  
In the literature, the contribution of demand-side management 
techniques in achieving efficiency in household appliance use has 
been discussed. Ullah et al. (2013) presented an overview of home 
appliance scheduling techniques to implement demand side 
management in a smart grid. In this research, residential load 
controlling techniques were employed for efficient consumption of 
electricity in homes and offices. The techniques used in the research 
reduced the energy consumption cost and consumers were encouraged 
to schedule their appliance use by load shifting methods. The 
contribution of demand side management (DSM) to increasing 
efficiency of the electricity system was presented by Strbac (2008). 
The techniques discussed by this paper include load shifting, direct 
control methods of turning off appliances for short periods of time, 
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load limiting by deciding which appliances to postpone, and time-of-
use pricing. DSM can shift load from peak hours to off-peak hours in 
order to improve energy use efficiency.     
In order to adapt consumer behaviour more effectively, by modelling 
their household appliance use, users need to understand how much 
energy different appliances consume. Such feedback is necessary for 
consumers to enable them to adjust their behaviour and conserve 
energy. There have been a number of studies involving the simulation 
of appliance use in households. A simulation model that generated 
household load profiles for a range of smart appliances was discussed 
by Gottwalt et al. (2011). This paper investigated household profiles 
under flat tariffs and simulated changes in these profiles with the 
introduction of smart appliances. Results from the study indicated that 
individual households can benefit from investment in smart 
appliances. The research indicated that smart appliances make the 
hourly residential load flexible, which can support the balancing of 
demand and supply in the electricity grid. Firth et al. (2008) focused 
on the study of electricity consumption in a sample of UK domestic 
buildings to identify trends in appliance energy use. This study 
introduced a series of new analysis techniques to improve 
understanding of domestic electricity use. A model to simulate 
residential electricity consumption was also presented by Muratori et 
al. (2013). This model considered occupancy, cold appliance use, 
heating, ventilation, air conditioning, lighting, and activity-related 
power consumption. Results from the study proposed energy demand 
patterns that capture variations, load fluctuations, and diversity 
between household configuration, location, and size. Yu, Kim, and 
Son (2013) investigated minimizing household electricity bills by 
formulating optimization methods which provide schedules or plans 
for home appliance usage. The performance of the proposed algorithm 
obtained from the optimization techniques was numerically analyzed 
by using real time-varying electricity pricings. Results from the study 
indicated that using these techniques, residential electricity bills can 
be reduced by 12.0% from a worst case scenario and peak hourly load 
can be reduced by 35.3%. The use of smart systems for controlling 
power consumption in households is becoming increasing important 
for improved efficiency. Demand-side management measures coupled 
with pricing incentives will go a long way towards achieving 
efficiency in appliance use, (Muratori et al. 2013).  
This paper reviews a range of research on the application of energy 
saving measures or control mechanisms to individual appliances, 
during peak and off-peak periods in order to minimize costs and also 
to decrease energy demand in the electricity network. This will 
provide an insight into the simulation of household energy 
consumption down to appliance level. It is intended that a fine-grained 
simulation be developed in order to model and assess the impact of a 
range of household demand-side load management techniques. These 
techniques are motivated by both the desire to reduce individual 
household costs and the need to provide better load balancing at the 
grid level, particularly to enable more effective integration of a higher 
proportion of renewable non-deterministic energy sources, i.e., 
consumption estimates of future energy sources that cannot be 
obtained from current estimates. The structure of the paper is as 
follows. Section 2 describes various models developed for power 
consumption of household appliances, including their behaviour, and 
the introduction of load shifting and balancing for efficient use of 
appliances. A comprehensive literature review is carried out in this 
section. Section 3 compares the attributes considered in this study, to 
investigate their impact on efficient use of energy; Section 4 presents 
conclusions drawn from this study, and their respective contribution to 
efficiency in energy use. In the final section, recommendations from 
this study are set out. 
POWER CONSUMPTION ATTRIBUTES OF APPLIANCES 
In order to simulate household appliance use patterns, for the 
investigation of demand-side strategies, power consumption models 
have been developed. Power consumption models can be classified 
into dynamic or multivariate, because they are time-dependent. 
Dynamic consumption models are deterministic, i.e., future 
consumption estimates follow from current estimates; while 
multivariate consumption models use past data to estimate 
consumption. Several published studies have been selected here for 
detailed analysis, covering a good part of the available literature, and 
focusing on households, since the power consumption patterns vary 
more widely. (Raaij, 2014), (Siero, Bakker, and Dekker, 1996). 
Section 2.1 reviews research aimed at producing models of individual 
appliance usage based on time of day and occupancy. Section 2.2 
discusses the impact of demand-side strategies on the electricity grid. 
In Section 2.3, literature on activity profile measurements for 
appliance use is discussed. 
Modelling Appliance Behaviour  
A process of simulation to evaluate the effectiveness of demand-side 
management techniques is considered by Bajada, Fox, and Long 
(2013). Their research models the integration of stochastic processes 
for residential electricity demand into the generation of fine-grained 
events. In the research, a Markov modulated on-off process is used to 
model each appliance within a household. This approach allows the 
utilization of time-use data obtained from surveys to perform the 
simulation. The model utilizes a standard Markov process to represent 
the active (on) and inactive (off) states of an appliance, as shown in 
Figure 1. The transition probabilities are derived from real data, and 
vary according to time of day. 
Figure1. Non-homogenous Markov on-off process (Bajada, Fox, 
and Long, 2013)
A simulation framework that utilizes Markov model is developed in 
the research. It supports a plug-in mechanism through which demand 
control policies can be integrated into the system such that the effects 
and performance of demand-side management strategies can be 
evaluated. It is designed to generate load profiles for thousands of 
households. The system allows the user to setup different households 
and appliance profiles, together with their respective quantities. In this 
research, households are grouped into categories that determine 
available appliances and their corresponding usage profiles, by 
indicating how often same appliance in a household is used. This 
allows different usage profiles to be associated with the same 
appliance type.  The paper also grouped households under 
consumption policies. The simulation framework is designed to 
support multiple concurrent policy implementations that manage 
energy consumption using different criteria. The user can configure 
how many households should be simulated under each policy. Results 
from modelling household load data indicate that simulated aggregate 
load curves exhibit significant similarities to the average hourly load, 
as reported in a household electricity survey conducted in the UK.  
In order to investigate demand side management issues, López-
Rodríguez, Santiago, Trillo-Montero, and Torriti (2013) carried out a 
study of the occupancy pattern of energy consumption in Spanish 
properties. The main source of data for this research was the 2009-
2010 Spanish TUS (Time Use Survey, 2009-2010). The survey 
identified three peaks in active occupancy, which coincide with 
morning, noon and evening.  A stochastic model based on Markov 
chain Monte Carlo techniques was derived from the survey data. Each 
person in the household can be in either of two states: state 0, called 
inactive, which defines a person who is either outside the household or 
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at home but sleeping; or state 1, called active, in which the person is at 
home and awake. The research analyzed active occupancy, determined 
in time intervals in which occupancy peaks take place. The generated 
profiles in the study were used to model domestic electricity 
consumption, which enabled the identification of appliances that were 
in use during occupancy. 
A study presenting a model framework for a stochastic generation of 
high-resolution series of time-resolved data on occupant’s behaviour 
was carried out by Widén and Wäckelgård (2010) . It uses a Markov-
chain model to simulate demand data for synthetic occupancy patterns 
in households. The model assumes that a person in the household 
performs t activities in every discrete time step k= 1,…, ௞ܰ. When 
time proceeds from k to k+1, there is a transition probability ݌௜௝ሺ݇ሻ of 
going from state i to j. This includes the probability ݌௜௜ሺ݇ሻof staying 
in state i. All N transitions between time steps k and k + 1 are 
examined and the total number ݊௜௝ሺ݇ሻ of transitions between states i 
and j is determined. The load factor varies between zero and one, a 
low value is an indicator of high power variations, as the maximum 
power is high compared to the mean value. Conversely, a high value 
indicates a smooth demand and low variations. A detailed validation 
of the simulation of empirical time-use data for a set of activities over 
time against measurements show that modelled power demand data 
for individual households, as well as well as aggregate demand for an 
arbitrary number of households, have highly realistic patterns, in terms 
of end-use composition, diversity between households, short time-
scale fluctuations and load coincidence. The research suggests that the 
Markov-chain model produces activity patterns that realistically 
reproduce a spread of different end-use loads over time. 
Ferreira, Cavalcante, and Fontes (2013) presented a pattern 
recognition method based on a systematic extraction of features, 
capable of recognizing consumption patterns in the electricity sector. 
The technique comprises two phases: 
(i) The first phase carries out pattern recognition through 
successive iterations. At the end of this phase, patterns 
or types associated with load curves are recognized.  
(ii) The second phase considers only the patterns of each 
group, and defines the final groups associating each 
database (load curve) to one of the patterns recognized 
in the first phase. 
Results obtained by the pattern recognition technique were compared 
to a method used in clustering; the Fuzzy C-method (FCM), and this 
revealed that the method generates conclusions consistent with reality, 
which supports the implementation of efficiency actions based on 
realistic features within the consumer market. The application of the 
pattern recognition method was able to recognize the existence of 
three patterns or demand profiles. By comparison, the FCM method 
was able to recognize two patterns. The third pattern represents a 
demand profile with lower energy consumption. The global silhouette 
index (GSI) is used to measure the clustering quality of energy 
demand profiles. This index measures the cohesion within, and 
differences between the clusters, regardless of the clustering technique 
used. The analysis is performed by clustering of the whole sample 
data (load curves from the database) based on statistical tests 
associated with the consumption profile, whereby clusters of load 
curves are obtained. From analysis carried out in the study, the quality 
of clustering obtained with the FCM method was slightly lower 
according to the GSI obtained (GSI equal to 0.25 and 0.28 for FCM 
and pattern recognition methods respectively). 
Another study examines the relationship between residential 
electricity consumption and subdivision design characteristics, while 
controlling for the influence of a range of important covariates 
(Wilson, 2013). Summer, winter and annual electricity consumption 
was modelled for households, as a function of climate, demographic, 
structural, technological, behavioural and urban form factors using 
regression analysis. Control variables were derived from household 
surveys, spatial datasets and other sources. Linear regression models 
used in the study allowed for intra-group correlation, rather than 
assuming that observations within the sub-divisions were independent. 
The results of the regression analyses suggest that the most consistent 
predictors of household electricity usage are climate degree days, 
household size, number of bedrooms, and the nature of heating 
equipment. The research indicates that households tend to consume 
more electricity in the winter, particularly when the number of heating 
degree days is higher than average. 
Load Shifting and Balancing  
A study by Rosin et al. (2010) analyzed household high and low tariff 
electricity consumption based on workday and holiday loads. The 
authors investigated saving possibilities by shifting discretionary loads 
from high-tariff to low- tariff periods. It also considered high energy 
saving by using presence sensors and energy-efficient light bulbs.  
From the study, it is suggested that high- tariff energy consumption on 
workdays can be reduced from 78% to 53% of the total load, by load 
shifting and the use of energy efficient bulbs, while the total high- 
tariff energy consumption can be reduced from 48% to 38%. Overall 
total energy consumption is reduced to 56%. This research indicates 
households with higher energy consumption or with more storage 
capacity integrated to the system have greater saving possibilities and 
that investments in more efficient systems are not justified if the 
lifetime of household appliances are equal to or shorter than the 
savings. The study suggest that small investments such as energy-
efficient bulbs, timers or presence sensors are profitable within 1-2 
years, but that with existing tariff systems, there is little justification 
for the expense of a power management system for load scheduling 
and shifting. 
A study to design, implement and evaluate the performance of a 
power consumption scheduler was reported by Lee, Kim, and Park 
(2012). This work is aimed at reducing the peak load in smart grid 
homes, with a power scheduler designed to reduce cost by reduction 
of energy consumption during peak demand time. The power 
scheduler is a networked appliance which interacts between utility 
companies, home appliances, and monitoring devices, (Figure 2). 
Figure 2: Power scheduler operation, (reproduced from Lee, Kim, 
and Park, 2012) 
In this study, the controller exchanges information on price and 
demand with the utility company via the internet or a cellular network.  
The utility company sends a residential load change to the consumer’s 
home, activating load control, demand response, and price adjustment. 
The controller then interacts with home appliances through a home 
area network, e.g. through a power line communication, measuring 
appliances’ power consumption. Finally, the controller sends a 
message to the In-home display (IHD) to pass on information about 
specific events and price changes. The Total Operation Centre (TOC) 
interacts with respective in-home controllers through a global 
connection. The implementation of the power scheduler showed that 
the scheme was able to reduce peak load by up to 23.1%, compared 
with previous scheduling methods. Additionally, in terms of peak 
reduction, the proposed scheme reduced the global peak by 16% for 
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the home-scale scheduling unit where the number of appliances was 
generally fewer than 10.  
The use of fuzzy logic systems to model human behaviour related to 
activation of appliances and lighting at home was presented by 
Zuniga, and Castilla (2014). This work aimed to contribute to the 
study of demand-side system in seeking to reduce and/or shift the 
peaks present in the load curve, by constructing a system that was 
capable of mirroring the behaviour of the electrical distribution and 
consumption system. The system would be able to simulate the effects 
of different demand control strategies. In defining the rules governing 
the Fuzzy logic technique by the study, let A and B be inputs to the 
system and C the output. If A is high and B is very low, then C is 
medium. The authors calculated the hourly activation profile for each 
appliance and the load curve of the residential sector was also 
computed. 
Figure 3. Fuzzy logic systems function diagram (reproduced from 
Zuniga and Castilla 2014) 
The results from the study were obtained using fuzzy logic, which is 
based on how human behaviour affects the use of household 
appliances. The demand-side management strategy for the research 
was implemented by classifying household appliances based on their 
energy rating.  
Another fuzzy logic interface system (FIS) to model household 
electrical consumption was presented by Ciabattoni et al. (2013), 
which uses as inputs, patterns of occupancy- when people are at home 
and awake, and typical domestic habits (i.e. activating specific 
applications). This model is designed to simulate electrical 
consumption for each different household from typical appliance 
patterns. It can be adapted to an individual household, with the 
possibility of adding any kind of appliance to the model, while 
existing appliances can be customized. The knowledge base covers 
electricity consumption for all appliances in the study. A fuzzification 
interface transforms collected input to the system, into fuzzy values. A 
deffuzification interface computes output values. Results from the 
study show good performance in simulating the consumption 
behaviour of the households, in relation to measured data, with 
plausible patterns of use. 
Gathering Data for Household Appliances  
Santiago et al. (2013) investigated energy losses and the economic 
consequences and implications of the use of small appliances and 
electronic devices in the residential sector. Measurements of different 
types of household appliances available in the database obtained from 
time use surveys were utilized, and the active and non-active annual 
power demands of these appliances in residences were determined. An 
estimation process of active power consumption in the residential 
sector by commonly used audio-visual (AV) equipment was carried 
out, by obtaining an individual standard model for each. The study 
was able to identify the contributions of individual devices to overall 
electricity consumption. In the research, even though the individual 
consumption of AV devices is very small, their use at an aggregated 
level for some hours per day leads to highly significant values for 
energy demand. This suggests that any measurement taken to reduce 
energy consumption in homes should not only consider major 
appliances, but also the combined contribution of these small 
appliances. Although a single AV device has an almost negligible 
contribution, the aggregated actions of this type of appliances, whose 
total annual energy demand is greater than 4000 GWh, can be 
significant enough to be taken into account in any energy efficiency 
program.  
A study that presents a high-resolution model of domestic electricity 
use based on patterns of active occupancy (i.e. when people are at 
home and awake), and daily activity profiles that characterize how 
people spend their time performing certain activities  is discussed by 
Richardson et al. (2010). 
Figure 4: Electricity demand model architecture (Richardson et 
al., 2010) 
These authors suggest that appliance used within a dwelling is 
naturally related to the number of people who are at home and awake. 
This time is referred to as “active occupancy” and it is represented for 
each dwelling within the model, as an integer that varies throughout 
the day in a pseudo random fashion, reflecting the natural behaviour 
of real people going about their daily lives. In order to refine the 
modelling of the timing of electricity demand, a second mechanism, 
based on the occupants’ activities, is used. The research assigns an 
activity profile to each appliance in the model; hence the varying 
likelihood of the appliance being used throughout the day can be taken 
into account in a stochastic simulation. Electricity demand data was 
recorded at 22 domestic dwellings around the town of Loughborough 
in the East Midlands, UK, recorded at a 1-min interval. The measured 
data was used extensively to validate the model by way of a 
comprehensive comparison of the statistical characteristics of the 
synthetic and measured data. The purpose of the validation was to 
make more formal statistical comparisons between the measured and 
synthetic data. To this end, the model was used to create synthetic data 
for households covering a full year at 1-min resolution. From results 
obtained from the study, synthetic data compares very well with the 
measured data and thus the model appears particularly good at 
representing the time-coincidence/diversity of demand between 
multiple dwellings. 
POWER CONSUMPTION OF APPLIANCES   
The important attributes of the three major issues considered in this 
study affecting power consumption behaviour for household 
appliances are listed in Table 1. These are modelling appliances 
behaviour; load shifting and balancing; and gathering data for 
household appliances. These issues are investigated for occupants’ 
behaviour in using electric appliances, leading to the identification of 
behaviours and end-uses which bring about efficient power 
consumption for these appliances. The strengths and weaknesses of 
the issues under study are examined to determine their impact on 
efficient energy use. 
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Table 1: Positive and negative attributes of approaches to power consumption techniques in households 
Attributes  Issues Positive attributes Negative attributes 
Modelling appliance behaviour Bajada, Fox, and Long, 2013 Determination of power consumption 
at appliance level based on simulation 
Reliant on historical data 
Enables evaluation of demand-side 
strategies 
Model only supports a two-way 
process 
Impact on consumption based on 
occupancy 
Lopez-Rodriguez, Santiago, Trillo-
Montero, Torriti, 2013
Enables load shifting and balancing Reliant on historical data 
Number and activities of occupants in 
a household are known 
Investigates household profiles during 
peak periods 
Does not differentiate between active 
and inactive occupancy or location 
Does not differentiate between active 
and inactive occupancy or location 
Widen, Joakim, &Wackelgard, 2010 Presents electricity demand based on 
occupancy state 
Model based only on location  
Simple input data 
Possible to adjust model to more 
specific cases 
Investigates effects of load profiles of 
different appliances on electricity use 
Ferrira, Cavalcante, Fontes, 2013 Investigates multiple variables 
affecting household consumption 
profile 
Model based only on location 
Discusses trends 
Study is implemented in different 
towns 
Wilson, 2013 Determination of electricity 
consumption modelled by climate, 
demographic, behavioural, 
technological, and urban factors 
No explicit description of consumption 
at appliance level
Models new technology  Relies on historical consumption data 
Encompasses trends Lack of information on household unit 
size 
Generalization of prices in models 
Load shifting and balancing Rosin et al., 2010 Inclusion of economic benefits The study considers just one 
household 
Discusses load shifting 
Number of occupants is considered 
Lee, Kim, Park, 2012 Implements a power scheduling 
scheme 
Does not consider individual 
appliances 
Introduces automated technology for 
control 
Does not incorporate real-time price 
change 
Utilizes demand-side strategies Does not specify power requirements 
for both sellers and consumers 
Zuniga, Castilla, 2014 Reduces/shifts the peak in loads Relies mainly on human behaviour 
Mirrors the behaviour of electrical 
distribution and consumption system 
based on simulation 
Relies on historical data 
Encompasses occupant behaviour 
Obtains household hourly profile 
based on individual appliances 
Ciabattoni et. al., 2013 Model us adaptable to any household 
or appliance 
Need to be replicated in other 
regions/towns  
Profile shows when appliances are 
been used or not 
Determination of energy use behaviour 
based on simulation 
Utilizes real-time data 
Gathering data for household 
appliances
Santiago et al., 2013 Measures individual household 
appliances 
Utilizes historical data 
Determines whether appliance is active 
or not 
Does not cover a typical household 
Indicates that small appliances 
contribute to energy savings 
Richardson et al., 2010 Incorporates daily activity profile Small and large transitions in time are 
under-represented in the model 
Utilizes real-time data Model does not represent those that are 
inactive 
Determination of one-minute 
electricity demand based on simulation 
The need to include socio-economic 
factors and individual attributes 
Model under-represents seasonal 
variation of electricity demand 
71
CONCLUSION  
 Demand side Management will play an increasingly important role; 
so that work on modelling power consumption behaviour is very 
necessary. Obtaining power consumption models is the premise and 
basis of predicting power consumption pattern for individual 
household appliances. The problems and research directions are as 
follows: 
1) There is a need to simulate household consumption patterns for 
electric devices in order to model demand-side management. 
2) The study of simulating trends from household electricity 
consumption. The need to study residential electricity consumption 
based on income, age and geographical location. 
3) The study of the impact of small domestic electronic devices on 
efficient electricity usage. 
4) The study of the extent to which energy saving electric devices use 
may outweigh other methods. 
5) The study of the scope and nature of change in energy use 
behaviour. Identifying household activity profiles throughout the day, 
not only during peaks. This will include differentiating these activities 
and active occupancy profiles depending on different regions where 
households are located. 
RECOMMENDATIONS  
Many demand-side management problems, such as simulation of 
power consumption for households, are related to energy use 
behaviour and interventions in energy use practices. Considering 
previous reviews on simulation of power consumption for household 
appliances (e.g. (Zhou, Yang, and Shen 2013)), this paper reveals 
similarities and differences, such as the pattern of consumption for 
household appliances. The previous research carried out has already 
pointed out issues for improvement. Taken together, these reviewed 
studies have added to our understanding of how to model power 
consumption for household appliances using the techniques mentioned 
in this study.   
It is important to recommend some factors contributing to household 
energy use. Such factors as consumer behaviour, income, age, 
geographical location, have an effect on power consumption for 
household appliances. In terms of improving efficiency of appliance 
use in households, it is important to identify target behaviours that 
have a relatively large energy saving potential. By keeping efficiency 
in use of household appliances in mind, researchers can focus on 
consumer behaviour that significantly influences appliance efficiency 
use qualities.  
Most studies reveal only the extent of effects on the electricity 
network, without providing insight into the reasons why. In other 
words, the effectiveness of the strategy on the electricity grid and 
possible determinants of demand-side management measures should 
be examined simultaneously. A thorough monitoring of appliance use 
and energy-savings may increase the understanding of the effect on 
the electricity network. The guidelines proposed in this study may 
help in providing more efficient use of household appliances. The 
study will also lead to understanding the benefits achievable from 
applying demand-side management measures as they relate to the 
energy grid. 
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